Summary. Cosmetic assessment of breast cancer conservative treatment (BCCT) plays a major role in the evaluation of this form of treatment. Objective assessment methods are being preferred to overcome the drawbacks of subjective evaluation. A recent computer-aided medical system was developed to objectively and automatically perform the aesthetic evaluation of the result of BCCT. In order to extract relevant features from the image, the detection of the breast contour is necessary. In this paper an algorithm based on the shortest path on a graph is proposed to detect the breast contour. The proposed method was applied to 300 breast images with an accuracy of 98%.
Introduction
Breast cancer conservative treatment (BCCT) has been increasingly used over the last few years as a consequence of its more acceptable cosmetic outcome when compared with mastectomy, but with identical oncological results. Although considerable research has been put into BCCT techniques, diverse aesthetic results are common, highlighting the importance of this evaluation in institutions performing breast cancer treatment, so as to improve working practices.
Traditionally, aesthetic evaluation has been performed subjectively by one or more observers [1] .The categorization of the aesthetical result relies on the complex interplay of various factors, subjectively estimated and combined by observers through visual inspection. Taking into account the inherent subjectivity of any human decision, the final evaluation of aesthetic result performed by observers is questionable. In fact, this form of assessment has been shown to be poorly reproducible [2] , which creates uncertainty when comparing results between studies. It has also been demonstrated that observers with different backgrounds evaluate cases in different ways [3] .
Objective methods of evaluation have emerged as a way to overcome the poor reproducibility of subjective assessment. Initially they consisted only of measurements between identifiable points on patient photographs [2] . The correlation of objective measurements with subjective overall evaluation has been reported by several authors [2] . Latter, the overall cosmetic outcome was simply the sum of the individual scores of subjective and objective individual indices [4] . Recently, a computer-aided medical system was developed to objectively and automatically perform the aesthetic evaluation of the result of the intervention [5] . The development of this system entailed the automatic extraction of several features from the photographs (Fig. 1) , capturing the main factors with impact on the overall cosmetic result: breast asymmetry, skin colour change due to the treatment and surgical scar visibility. In a second phase, a support vector machine classifier was trained to predict the overall cosmetic result from the recorded features [5] . In order to extract the identified relevant features from the image, the detection of the breast contour is necessary. In this work, an algorithm for the automatic detection of the breast contour is described. The proposed approach is formulated as the solution to the shortest path between the end points of the breast contour, after conveniently modelling the image as a weighted graph. The algorithm has been implemented in a semi-automatic software, where the user just has to identify some key points on the image: breast contour end points and nipples position. The software automatically finds the contours, extracts relevant features and outputs a predicted overall cosmetic assessment (excellent, good, fair, poor ).
Previous work
Although several studies have addressed breast contour detection, they all concern the detection on digital mammograms, on a side view of the breast -see [6] and references within. Our preliminary research was based on the polynomial modelling of the breast contour. After a pre-processing step to extract image edges (using e.g. a canny detector), a 2D polynomial P n (x, y) was then fitted by a regression method to the contour pixels. Suitable degrees of the polynomial were evaluated. Nevertheless, results were unsatisfactory as the regression was biased by the high number of contour pixels not belonging to the breast and/or the polynomial had not enough flexibility to adjust to the breast contour. Note that the breast contour may be severely deformed, departing from the typical round or tear drop shape.
A second line of experiments was conducted with active contours. Active contours have also been successfully applied to breast contour detection on mammograms [7] . However, results were still behind the expected. Moreover, the computation time was excessive. The minimization of the user involvement and the total user's time required for contour detection is obviously paramount.
A shortest path approach to contour detection
Knowing the two endpoints of the breast contour (inputted by the user), we are left with the problem of finding the path between both endpoints that goes through the breast contour. As the interior of the breast itself is essentially free of edges, the path we are looking for is the shortest path between the two endpoints, if paths (almost) entirely through edge pixels are favoured.
Definitions and notation
A graph G = (V, A) is composed of two sets V and A. V is the set of nodes, and A the set of arcs (p, q), p, q ∈ V . The graph is weighted if a weight w(p, q) is associated to each arc, and it is called a digraph if the arcs are directed, i.e., (p, q) = (q, p). A path from p 1 to p n is a list of unique nodes p 1 , p 2 , . . . , p n , (p i , p i+1 ) ∈ A. The path cost is the sum of each arc weight in the path.
In graph theory, the shortest-path problem seeks the shortest path connecting two nodes; efficient algorithms are available to solve this problem, such as the well-known Dijkstra algorithm [8] .
Proposed algorithm
To detect the breast contour we propose a two step approach:
1. Apply an edge detector to the original image. The resulting binary image enhances the points of interest. 2. Detect the breast contour on the edge image, by finding the shortest path between the two endpoints defined by the user.
We now detail this second step.
Starting by modelling the edge image as a graph, match a node to each pixel. Connect two nodes with an arc on the graph iff the corresponding pixels are neighbours (8- 
Fig. 2. Arc weight between two pixels.
In this work we set h(., .) = (2)f (., .). Now, because we want to favour paths through edge pixels, we set f (p, q) = c 1 if both p and q are edge pixels c 2 otherwise with c 2 > c 1 . In this work c 1 and c 2 were experimentally determined as 2 and 32, respectively. Note that c 1 must be set greater than zero in order to also favour the smallest path, when more than one exists through edge pixels only. Finally, the solution to the shortest path problem will yield the intended breast contour.
Algorithm generalization
The proposed paradigm can be conveniently generalized. The application of an edge detector in the first step can miss to detect segments of the breast contour. This is especially true for women with small breasts (leading to weak contours) or when the breast is severely deformed with the excision of a large sample of tissue. A natural improvement is to replace the binary image outputted by the edge detector with a richer gradient image. Now, the shortest path algorithm should try to follow pixels with high gradient values. The f (., .) and h(., .) functions have to be properly generalized. A simple strategy is to set f (p, q) =f (255 − min(p, q)), wheref (.) is a monotonically increasing function. Note that this more general setting has the binary case as a particular instantiation. To summarize, the proposed general framework to find the contour between two endpoints encompasses:
• A gradient computation of the original image. In a broader view, this can be replaced by any feature extraction process that emphasizes the pixels we are seeking for.
• Model the gradient image with a weighted graph, assigning to the weight between two neighbour pixels the cost w(p, q) = f (p, q) or w(p, q) = h(p, q), as described before.
Results
The proposed methodology was applied to a set of images from 150 patients. For each patient two positions were assessed: facing, arms down and facing, arms up (see Fig. 1 ). Before applying the breast contour detection, each image was downsized to a constant width of 768, keeping the aspect ratio. Only the luminance information was used in the analysis. The binary model makes use of the Canny edge detector [9] on the first step, as implemented in the Open CV library [10] . The low and high thresholds were experimentally tuned to 32 and 128, respectively. In the graph derived from the binary image, costs were assigned as previously stated: 2 when both incident pixels are edge pixels, 32 otherwise. The gradient model is based on the Sobel operator. The Sobel operator is applied on the x and y directions; from the computed values, S x and S y , the magnitude of the gradient is estimated as z = S 2 x + S 2 y . Costs were assigned based on an exponential law:f (z) = α exp(βz) + δ, α, β, δ ∈ ℜ
The parameters α, β, δ were chosen to yieldf (0) = 2 andf (255) = 32, leading to the same range of costs as the binary model. The third degree of freedom was experimentally tuned. The adopted transformation was (see also Fig. 3 ) f (z) = 0.15 exp(0.0208z) + 1.85. Fig. 4 shows three breast contour detection results obtained with the binary model. The end points specified by the user are shown as small circles. The method successfully completed the gaps between detected edge pixels and ignored spurious edge pixels.
Problems with the binary model are noticeable when the edge detector misses to detect significant portions of the breast contour. The shortest path algorithm is misled to follow non-breast pixels -see Fig. 4 (f) and Fig. 4(i) . The gradient model presents a more robust behaviour, correctly following the breast contour, even in the presence of contours not well defined -see Fig.  5 . While in the right breast of Fig. 4 (f) the binary model followed a straight path to fill the gap corresponding to a soft edge, the gradient model correctly followed the contour. Similarly, in Fig. 4 (i) the binary model was completely deceived by the presence of edges around the nipple and their absence along the breast contour; the gradient model properly identified the contour. Finally, the evaluation of the breast contour detected in the photographs was performed by an observer, in the photograph dataset. The accuracy of contour detection is presented in Table 1 , discriminated by arms down/ arms up and treated/untreated breast. Results bring to light the superiority of the gradient model over the binary model. Moreover, both models behave worse on the treated breasts than on the untreated breasts, most likely due the deformations resulting from the treatment. It is also visible a better performance in the arms down position, this time due to the better definition of the breast contours.
Conclusions
We have described how the breast contour can be found as the solution to the shortest-path problem is the graph theory framework, after conveniently modelling the image as a weighted graph. The proposed approach is computationally efficient, taking only a few milliseconds to detect a breast contour, in a standard PC. This is an important aspect in user interactive applications. Preliminary results also indicate an excellent performance. The proposed framework can potentially be applied on similar edge tracking problems.
